t e c h n i c a l r e p o r t s
Despite recent progress on estimating the heritability explained by genotyped SNPs (h g 2 ), a large gap between h g 2 and estimates of total narrow-sense heritability (h 2 ) remains. Explanations for this gap include rare variants or upward bias in family-based estimates of h 2 due to shared environment or epistasis. We estimate h 2 from unrelated individuals in admixed populations by first estimating the heritability explained by local ancestry (h 2 g ). We show that h 2 g = 2F STC θ(1 − θ)h 2 , where F STC measures frequency differences between populations at causal loci and θ is the genome-wide ancestry proportion. Our approach is not susceptible to biases caused by epistasis or shared environment. We applied this approach to the analysis of 13 phenotypes in 21,497 African-American individuals from 3 cohorts. For height and body mass index (BMI), we obtained h 2 estimates of 0.55 ± 0.09 and 0.23 ± 0.06, respectively, which are larger than estimates of h g 2 in these and other data but smaller than family-based estimates of h 2 .
Understanding the genetic architecture of complex human phenotypes is a fundamental question in the field of genetics, with broad implications for identifying genes related to disease and predicting individual risk profiles [1] [2] [3] [4] [5] [6] . A central element of this problem is estimating narrow-sense heritability (h 2 ), the fraction of phenotypic variation in a population determined by genetic variation under an additive model 7 . While the last decade of genome-wide association studies (GWAS) identified thousands of loci associated with hundreds of phenotypes 8 , the sum of their effects (h GWAS 2 ) explains only a small fraction of the estimated heritability for most phenotypes 5 . The gap between h GWAS 2 and h 2 has been called the 'missing heritability' , and several explanations for this difference have been posited, including upward bias in estimates of h 2 (refs. 4,9) . The objective of this work is to develop a method for estimating h 2 (defined in the Online Methods) that (i) does not require closely related individuals, (ii) can be applied to both quantitative and case-control phenotypes, and (iii) is able to localize narrow-sense heritability to individual chromosomes or other genomic segments.
Current approaches to heritability estimation proceed by phenotyping many closely related individuals with a known genetic relationship, such as monozygotic and dizygotic twins 7 . Yang et al. 10 avoided the use of related individuals by applying linear mixed models to estimate the heritability explained by genotyped SNPs ( h g 2 ). h g 2 corresponds to the fraction of phenotypic variation that could be captured by h GWAS 2 under an additive model if GWAS sample sizes were infinitely large. Although current estimates of h g 2 are often much larger than h GWAS 2 , they are typically only slightly more than half of h 2 (ref. 11) . One reason h g 2 is less than h 2 is because h g 2 does not include the contribution of variants poorly tagged by the genotyping platform, such as rare variants. Another reason for the difference in the heritability estimates is that existing methods for estimating h 2 can be biased 12, 13 , as they rely on the use of related individuals. As a result, epistatic interactions between SNPs, gene environment interactions and the shared environmental factors of related individuals can all lead to inflated estimates of h 2 (refs. 12,13) . We recently showed that, by jointly using related and unrelated individuals, it is possible to obtain less biased estimates of h 2 (ref. 11) . However, the joint fit will still lead to inflated estimates of h 2 in the presence of shared environment 11 and cannot be applied to case-control phenotypes.
In this work, we propose a new approach for estimating h 2 , which takes as input the phenotypes and genotypes of admixed individuals such as African Americans. We show via analytical derivation as well as extensive simulation over both simulated and real genotype data that heritability explained by local ancestry (h g 2 ) is related to the total narrowsense heritability h 2 via the equation
where F STC is a specific measure of weighted allele frequency
Leveraging population admixture to characterize the heritability of complex traits t e c h n i c a l r e p o r t s differences between ancestral populations at causal loci (Online Methods) and θ is the fraction of European ancestry 14, 15 . Because our approach does not use closely related individuals, it is free from bias due to epistasis, gene environment interactions and shared environment effects. Unlike previous work in which h 2 estimates could not be obtained for case-control phenotypes 11 , our current approach can obtain estimates of h 2 for both quantitative and case-control phenotypes, achieving goals (i) and (ii). Furthermore, unlike previous methods that provide genome-wide estimates, we are able to estimate h 2 for a particular genomic region, such as a chromosome, thereby achieving goal (iii). Our approach can be applied to all existing and future GWAS of admixed populations, without requiring additional expensive and time-consuming collections of large numbers of monozygotic and dizygotic twins. We applied this approach to 21,497 African Americans from the NHLBI CARe (Candidate Gene Association Resource), WHI SHARe (SNP Health Association Resource) and AAPC (African-American Prostate Cancer) projects, analyzing 12 quantitative phenotypes and 1 case-control phenotype. For height and BMI, we obtained h 2 estimates of 0.55 ± 0.09 and 0.23 ± 0.06, respectively, which are larger than estimates of h g 2 in these and other data sets but smaller than twin-based estimates of h 2 , consistent with inflation in twin-based estimates due to shared environment or epistasis. We also estimated the heritability of height for each chromosome and found a significant correlation between chromosome length and heritability (P < 0.003).
RESULTS

Overview of the method
We consider three approaches to estimating heritability for a phenotype with a narrow-sense heritability of 80%. First, the classic approach to estimating heritability is to divide the phenotypic covariance of related individuals by the fraction of the genome for which they share identity by descent (IBD) 13 . In this instance, the phenotypic covariance of pairs of related individuals will be 0.80 times the fraction of the genome sharing IBD (Fig. 1a) . The second approach, developed by Yang et al. 10 , is to estimate the genetic relationship of unrelated individuals over genotyped SNPs and apply a linear mixed model with the genetic relationship matrix to estimate phenotype. To illustrate this approach, we simulated 2 million independent pairs of individuals, regressing their normalized genetic similarity over the product of their normalized phenotypes, which yielded a regression coefficient of 0.79 ± 0.014 (Fig. 1b) . This Haseman-Elston regression 16 shows how the genetic similarity of unrelated individuals can be used to estimate the heritability of genotyped SNPs (h g 2 ). In general, the heritability explained by genotyped SNPs is less than the total narrow-sense heritability (h 2 ) because phenotypic variation determined by poorly tagged SNPs such as rare variants will not be captured 10 . The approach used in this work is similar to that of Yang et al. 10 , but, instead of using genotypes to estimate genetic similarity, we use the number of copies of local ancestry in an admixed population. A crucial element of our approach is that the phenotypic variation described by variation in local ancestry (h g 2 ) is a function of all causal variation, not just that tagged by SNPs on a particular genotyping platform. This is because local ancestry tags both common and rare variation. To illustrate this approach, we simulated 4 million unrelated admixed individuals from ancestral populations with genetic distance F STC = 0.08 and an equal proportion of ancestry from each ancestral population θ = 0.5 (Online Methods). Applying Haseman-Elston regression to regress the product of normalized phenotypes against the genetic similarity of local ancestry, we observed a regression coefficient of 0.033 ± 0.007 ≈ 2F STC θ(1 − θ)h 2 = 0.032, corresponding to h 2 = 0.83 (standard error (s.e.) = 0.18) (Fig. 1c) . The Haseman-Elston regression used in generating these plots is for illustrative purposes (as in Fig. 3 of ref. 10 ). In practice, we used a mixed-model approach because of its lower standard errors 10 . We first generated a local ancestry-based kinship matrix K γ , which was constructed similarly to the genotype-based kinship matrix K in previous methods 10 
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Finally, to estimate h 2 , we used the formula h γ 2 = 2F STC θ(1 − θ)h 2 , where F STC is a specific measure of weighted allele frequency differences between ancestral populations at causal loci (Online Methods). For dichotomous phenotypes, we applied the same approach but converted the observed scale estimates to a liability scale estimate of heritability using ref. 18 and published disease prevalence in African Americans. In our previous work 11 , this conversion was not possible because non-randomly ascertained individuals in multiple relatedness classes (for example, sibling, first cousin and avuncular) were studied, and there is currently no method for accounting for ascertainment in such complex pedigrees. A complete description of the approach, along with an analytical derivation, is given in the Online Methods.
Simulations with simulated genotypes
We first verified the analytical derivations and examined the properties of the approach under a simple simulation framework. We simulated the genotypes and local ancestry of 4,000 unrelated diploid individuals at 1,000 SNPs from a 2-way admixed population with causal variant genetic distance F STC and either normally or uniformly distributed ancestry proportion θ. Each local ancestry segment contained exactly one SNP, and all segments were generated independently. Phenotypes were simulated under an additive model with heritability h 2 in which a proportion r of the 1,000 SNPs were npg t e c h n i c a l r e p o r t s causal (Online Methods). We applied our method to estimate heritability over a range of values of F STC , θ, r and h 2 . For each parameter setting, we estimated heritability from 2,000 independent simulated data sets. The results, shown in Table 1 , demonstrate that our heritability estimates were accurate across a range of parameter settings, confirming our analytical derivation. Results for additional parameter settings are shown in Supplementary Table 1 .
The results also demonstrate the relationship between h g 2 and the parameters F STC , θ and h 2 . For a fixed value of r, phenotypes with a larger h 2 value will have larger genetic effects, resulting in larger h g 2 .
When ancestral populations are genetically distant (larger F STC ), variants are more likely to have different frequencies in the ancestral populations, resulting in a concomitant increase in h g 2 . Increasing the variance of θ results in larger standard errors around the heritability estimates.
Simulations with real genotypes
We made several simplifying assumptions in the above simulations that do not hold in real data sets. These included a single SNP per ancestry block, no genotyping error, no local ancestry inference error, no linkage disequilibrium, a normal or uniform distribution of the ancestry proportion, continuous phenotypes, and the use of identical effect size distributions for common and rare variants in computing F STC . To address these complexities, we took the approach of using real genotypes and simulating phenotypes. We simulated continuous and case-control phenotypes over 5,129 individuals (excluding close relatives) from the CARe cohort (Online Methods). Although phenotypes were generated from SNPs sampled across all genotyped SNPs, we only used local ancestry information from every fifth SNP. We tried a range of parameters for h 2 . Instead of simulating phenotypes under an infinitesimal model, we sampled a proportion of causal variants r. We could not alter the ancestry proportion θ, as this was fixed in the real data set. However, we altered the effect size distribution of SNPs according to their F STC values.
The data did not contain a sufficient number of genotyped variants that were rare in both ancestral populations to simulate rare versus common effects. Instead, we examined SNPs common in both populations ('common') versus SNPs rare in at least one population ('uncommon'). Only common variants were used in constructing the kinship matrix, and uncommon variants would thus only contribute to h g 2 via linkage disequilibrium. The common SNPs had F STC = 0.15, whereas the uncommon SNPs had F STC = 0.25. We simulated phenotypes using a different proportion of phenotypic variance derived from uncommon variants (α). When α was not 0, the variant and causal variant frequencies in the kinship matrix were different. Simulations involving a large proportion of causal variants not included in the kinship matrix (high α) had h g 2 less than h 2 because the common variants did not completely capture the phenotypic variance driven by the uncommon variants ( Table 2 ). The parameter α also determined study-wide F STC according to the formula F STC = (0.15(1 -α) + 0.25α) (Online Methods). The results shown in Table 2 use the correct value of α, and, hence, the estimates of h 2 are unbiased. However, if we incorrectly assumed that α was 0 when this was not the case, then h 2 would be biased by a factor of (0.15(1 -α) + 0.25α)/0.15. We describe this (and other potential sources of bias) in detail in the Discussion. Setting individuals with the lowest P percent of phenotypes as cases and all others as controls, we generated dichotomous phenotypes with prevalence P. The small number of individuals prevented simulation of case-control ascertainment, which might produce a downward bias in h 2 estimates for low-prevalence diseases in very large studies (see Supplementary Table 9 of ref. 19 ). Such bias is expected to be small in the prostate cancer data analyzed here because of the high prevalence of prostate cancer and the moderate sample size. For large sample sizes, replacing mixed model-based estimates with Haseman-Elston regression estimates will alleviate the issue of ascertainment bias 20 .
The results in Table 2 also demonstrate that complexities such as genotyping error, linkage disequilibrium or error in local ancestry inference in African Americans do not introduce bias into the heritability estimates when phenotypes are generated under a noninfinitesimal mixture model. This might not be the case for other admixed populations such as Latinos 21 .
Application to WHI, CARe and AAPC cohorts
We applied our method to 21,497 African-American individuals from the WHI, CARe and AAPC cohorts over a total of 12 quantitative phenotypes and 1 case-control phenotype (Online Methods). Local ancestry was inferred using the HAPMIX, SABER+ and RFMix methods, which are extremely accurate in African Americans (r 2 = 0.98 or greater) [22] [23] [24] . For each phenotype, we estimated h g 2 , h g 2 and, by extension, h 2 . For h g 2 and h g 2 , we used the GCTA software package applied to the genotypes and local ancestry at each SNP, respectively 17 . For the phenotypes measured in both cohorts, we computed the inverse variance-weighted mean and standard error. For each phenotype, we also list previously published estimates of heritability from familybased studies using twins and African-American estimates, where available (h pub 2 ). The results are shown in Table 3 , and published
African-American estimates are marked for reference. Estimates from European populations may not be directly comparable if the genetic or environmental bases for the phenotype differ substantially. Several phenotypes, including height, BMI, high-density lipoprotein-cholesterol (HDL) levels, triglyceride levels, prostate cancer and white blood cell (WBC) count (conditioned on ancestry at the Duffy antigen locus FY), had h 2 estimates lower than Average estimates and standard errors are reported for heritability explained by genotyped SNPs (ĥ g 2 ) and local ancestry-based heritability explained by all SNPs (ĥ 2 ) from 2,500 simulations for representative choices of 4 parameters: true heritability (h 2 ), the proportion of causal variants (r), the prevalence (P) (NA for continuous phenotypes) and the proportion of heritability from uncommon variants (α).
npg t e c h n i c a l r e p o r t s family-based estimates. These differences could be due to phenotype-specific effects of epistasis, gene environment interaction and/or shared environmental factors that can inflate family-based estimates 12, 13 . In our recent work using an extended genealogy inclusive of more distantly related individuals, we also found height and BMI estimates lower than previous heritability estimates, providing further evidence of inflation 11 . The lower estimates could also reflect a difference in the heritability between African Americans and the previous study populations. There were no statistically significant differences in h 2 estimates between the cohorts. Yang et al. proposed an adjustment to account for the incomplete coverage of genotyping platforms 10 . We applied this approach in the CARe data (Supplementary Table 2 ) and observed an increase in h g 2 of less than 1% in all phenotypes. We included the genomewide ancestry proportion as a fixed effect in our mixed model. If an environmental factor exists that affects phenotype and is correlated with ancestry, our heritability estimates would discount this environmental effect, leading to higher estimates of heritability. Specifically, our method would remove the variance of the environmental factor that could be explained by ancestry from the environmental component (s e 2 ) in the denominator of the heritability estimate (Online Methods). Differences between our heritability estimates and those of previous studies could also be due to differences between the value of F STC we used in this study and the true value of F STC for the phenotype in question. Considering recent evidence that rare variants are unlikely to contribute to a large proportion of phenotypic variation 25, 26 , we computed an F STC of 0.182 over the common variants (minor allele frequency (MAF) > 5%) in African Americans. However, this estimate dropped to 0.165 for low-frequency variants (MAF < 5%) and 0.054 for rare variants (MAF < 1%). Estimates of heritability assuming a rare variants-only phenotype model would be more than three times as large as from a common variants-only phenotype model. Therefore, if rare variants contribute substantially to phenotypic variation or if balancing or negative selection constrains the genetic distance at causal variants, then our estimates of heritability would be biased downward.
Positive selection acting at causal variants could induce such a bias in F STC , and we included WBC count as a positive control for this type of bias. A SNP in the FY gene (DARC, Duffy null allele) is highly differentiated between the CEU (Utah residents of Northern and Western European ancestry) and YRI (Yoruba from Ibadan, Nigeria) populations, likely owing to its protective effect against Plasmodium vivax malaria 27 . It is also a SNP of large effect size for WBC count 28 . Therefore, the average F STC at causal variants for WBC count was much higher than the 0.182 value estimated from common variants (Online Methods). The h 2 estimate of WBC count was 3.42 owing to the effect of this positive selective pressure. Ancestry at the FY locus accounts for ~20% of the phenotypic variation in WBC count 28 . By including ancestry at FY as a fixed effect (WBC|FY), we obtained an h 2 estimate of 0.19, which is lower than the published estimate of 0.48.
We performed a sensitivity analysis to assess whether this type of bias is likely to be problematic. Because strong positive selection is unusual 29 , we considered a single locus under positive selection. We estimated bias as a function of F STC at the locus and the variance explained by the locus. The results showed that only for extreme values of both locus F STC and heritability will there be significant bias in heritability due to positive selection (Supplementary Table 3) . As an example, we considered the 8q24 locus in prostate cancer, which contains causal SNPs that are highly differentiated between African and European ancestors, producing an admixture mapping peak 30 . However, because this locus explains less than 2% of the heritability of prostate cancer, even exceedingly strong population differentiation at the locus would not substantially bias our overall results. BMI, body mass index; log(HDL), log-transformed high-density lipoprotein-cholesterol levels; LDL, low-density lipoprotein-cholesterol levels; WBC, white blood cell count; log(TG), log-transformed triglyceride levels; log(insulin), log-transformed insulin levels; log(CRP), log-transformed C-reactive protein levels; DBP, diastolic blood pressure; SBP, systolic blood pressure; PC, prostate cancer; NA, not available. 
Partitioning heritability across the genome
Our method is also capable of estimating the total narrow-sense heritability attributable to a particular genomic region. This is accomplished by constructing the kinship matrix using just the ancestry segments in the region of interest and applying the variance component model to the phenotype of interest using the region-specific kinship matrix (Online Methods). We partitioned the heritability for each of the phenotypes from the CARe data set across each of the chromosomes 31 . We applied weighted linear regression to determine the relationship between heritability and chromosome length (Online Methods). The results for height are presented in Figure 2 , and the full results are provided in Supplementary Table 4 . We found a strong correlation between chromosome length and heritability of height (Pearson corelation r = 0.513, weighted P value = 0.0028). Log-transformed HDL levels, BMI and systolic blood pressure (SBP) also produced significant results (weighted P value < 0.03, 0.02 and 0.02, respectively). Other phenotypes had standard errors too large to yield meaningful results. To address this, we averaged the heritability from each chromosome across all phenotypes (using WBC|FY instead of WBC), observing a significant correlation between chromosome length and mean chromosomal heritability (Pearson corelation r = 0.686, weighted P value < 0.0002).
DISCUSSION
We developed a method for estimating narrow-sense heritability from unrelated individuals by leveraging the two ancestral genomes in recently admixed populations, such as African Americans. We used a population genetic approach to derive the relationship between heritability and variation in local ancestry in admixed populations. Theory and simulations confirm that, under an infinitesimal phenotypic model, our approach produces unbiased estimates of heritability. Because the individuals are distantly related, our approach will not produce heritability estimates inflated by epistasis, gene environment interactions or shared environmental effects.
Our method is also able to partition total narrow-sense heritability (h 2 ) along genomic segments such as chromosomes, as we have shown by application to the phenotypes in the CARe data set. This feature is distinct from recent work that instead partitioned the heritability explained by genotyped SNPs (h g 2 ) across chromosomes [31] [32] [33] . Although a previous method also partitioned h 2 along chromosomes 34, 35 , it relied on the use of siblings, leading to very large standard errors, and was limited by the coarseness of shared IBD segments (which extend for tens of megabases). Our approach is limited by the coarseness of local ancestry segments (which extend for megabases) and thus cannot be applied at the level of individual genes. In this study, we applied our method to an African-American population. Application to more complex admixed populations such as Latinos will have to account for reduced accuracy in local ancestry inference 21 to avoid downward bias. Restricting to two ancestry categories (for example, Native American versus non-Native American ancestry) 36 is one approach to handle multi-way admixture, but it may be possible to extend our derivation to multi-way admixture. There is evidence that African Americans have a small proportion of admixture from Native American populations (0.5%) 24 , but this very small proportion is unlikely to significantly change our results. Substantial errors in the assumed population genetic structure would perturb the F STC and θ values, and resulting h 2 estimates would be biased in proportion to these errors. Application to sex chromosomes can be adapted from the approach taken in ref. 31 , but these analyses must be performed separately because of differences in the admixture proportion of European ancestry on autosomes and sex chromosomes.
In our previous work, we found that heritability estimates from related individuals followed a pattern consistent with biases due to shared environment 11 . In this work, we found that a linear additive model, implicitly including both rare and common variants, typically explained less phenotypic variation than was predicted in familybased studies. These new estimates of narrow-sense heritability are less susceptible to bias and provide additional evidence that family-based estimates are inflated. Unlike in ref. 11, we were able to obtain estimates for both quantitative and case-control traits. We also found that chip-based additive models explained less phenotypic variation than our estimates. In the phenotypes common to CARe and WHI for which meta-analysis was performed, the averages of these estimates were 24.7% and 31.1%, respectively. Rare variants and poorly tagged common variants are the most likely explanation for the difference between these two estimates. We discuss other possible explanations below.
Our method does produce biased estimates when model assumptions are violated. Specifically, if the genetic distance we estimated The AAPC data set contained 4,207 prostate cancer cases and 4,008 controls. npg
differs from the distribution over causal variants, our method can result in either inflated or deflated estimates. If selection acted on the causal variants, their F STC values could be higher or lower, depending on the direction of selection. In the case of positive selection in one of the ancestral groups but not the other, the true value of F STC would be larger than our genome-wide estimate and our h 2 estimate would therefore be inflated. For example, estimates for WBC count were larger than h pub 2 owing to strong selective pressure at the Duffy locus 27, 37 . However, strong positive selection is believed to be rare in recent human evolution 29 . If a large proportion of phenotypic variance is due to rare variants, then incorrect estimates of F STC might induce bias. However, previous reports suggest that rare variation explains a small proportion of total heritability 25, 26 .
The application of our approach to two large cohorts of African Americans showed a difference between previously published family-based estimates of the heritability of height and BMI and our estimates. This disparity suggests that there is substantial contribution from non-additive genetic effects or shared environmental effects that differ between monozygotic and dizygotic twins. The future application of our method to large-scale studies of African Americans will provide a mechanism of estimating the total narrow-sense heritability of phenotypes as well as determining the genetic architecture of complex phenotypes.
METHODS
Methods and any associated references are available in the online version of the paper. 
ONLINE METHODS
Given a set of M admixed individuals with two ancestral populations (P 0 and P 1 ), let the local ancestry for individual i at SNP s, g i s , { , , } ∈ 0 1 2 , be the number of alleles inherited from a P 1 ancestor. We use a mixed-model approach to estimate h g 2 , the contribution of variation in local ancestry to phenotypic vari- if the MAF at causal variants is systematically larger in one of the two populations. It is also possible for ancestry to be associated with environmental factors. In this case, by conditioning on genome-wide ancestry, our method will remove the environmental variance that can be explained by ancestry and estimate the heritability of the component of phenotype that cannot be predicted by genome-wide ancestry, thereby increasing the heritability estimate.
Estimation of h 2
g . We apply a variance components approach to determine the phenotypic variance described by local ancestry h g 2 , using θ as a fixed effect to prevent confounding from environmental factors associated with ancestry. This method is equivalent to recent methods used to determine the phenotypic variance described by genotyped SNPs (h g 2 ) but replaces genotypes with inferred local ancestry 10 . (5) (6) (6) (7) (7) (8) (8) (9) (9) (10) (10) (11) (11) npg where N is the number of SNPs. Then, equation (8) 
Derivation of the relationship between
The F STC in equation (12) is a genome-wide measure of the genetic difference between the ancestral populations. This is related to the classic parameter F ST when all variants are causal (i.e., in the infinitesimal model).
2 s Now consider a more complex model in which the effect size of SNPs can fall into one of L classes such that the effect size distribution is a function of class L. These classes could be, for example, rare and common variants (used in this work). We defined the genetic distance between ancestral populations within each class as F STL and the phenotypic variance explained by SNPs in this class as h L 2 . Again, substituting into equation (8), we get:
representing a weighted measure of genetic distance in each class.
To obtain an estimate of h 2 , we must estimate θ, F STC and h g 2 . The parameter θ is estimated from local ancestry inference. The parameter F STC is estimated from an assumptions about the variance explained by SNPs in each genotypic class combined with external reference panels 45, 46 .
Definition and estimation of F STC . As in the equations above, we are defining F ST to be the weighted average (across all SNPs s) of the ratios calculated as:
Although this definition is similar to standard versions of F ST , a ratio of averages is recommended instead when the goal is to draw population genetic inferences 47 . If the distribution of SNP effect sizes is not a function of F ST , then this would be the appropriate definition for our heritability estimation approach. However, recent work has shown that rare variants are unlikely to contribute to a large proportion of phenotypic variation 25, 48 . As has been reported previously 47 , the average-of-ratios estimate will shrink when many rare variants are included in the estimate. Such an effect is reflected in the 1000 Genomes Projects-based estimate of F ST of 0.07, which used an average of ratios 49 . Therefore, F ST will produce a biased estimate of heritability because the variance explained by rare variants is different from the variance explained by common variants. To account for this difference, we defined a parameter F STC , which is a weighted measure of the genetic distance between ancestral populations (equation (9)). In practice, we defined F STC as the average F ST within each class L of SNPs (F STL ), weighted by the proportion of phenotypic variance explained by that class:
(13)
(15)
Consider a situation in which L contains two classes, rare and common SNPs, with F ST values of 0.054 and 0.182, respectively. If rare variants explain 10% of the heritability and common variants explain 90% of the heritability, then F STC = 0.1692. We estimated F STC over the HapMap 3 (ref. 37) data set using the CEU and YRI populations as proxies for the ancestral populations of African Americans, with an admixture proportion of 18.3% European ancestry and assuming three different distributions of causal variant frequencies. We estimated a value of 0.182 assuming causal variant MAF > 5% (which we used in this work), 0.165 assuming MAF < 5% and 0.054 assuming MAF < 1%.
Simulations with simulated genotypes. To examine the properties of our approach, we first applied our method to data generated under a simple simulation framework for generating the genotypes, local ancestries and phenotypes of individuals from an admixed population. Allele frequencies p A1 , p A2 , …, p AN of N SNPs from an ancestral population were drawn uniformly from [0.1, 0.9]. Allele frequencies of SNPs from P 0 were drawn from a beta distribution with parameters p AS (1 -F STC )/F STC and (1 -p AS )(1 -F STC )/F STC for each SNP s, and allele frequencies were similarly drawn for SNPs from P 1 . The F STC parameter determines the genetic distance between the two populations. The global proportion of P 0 ancestry θ 1 , θ 2 , …, θ M for each of M individuals was drawn either uniformly from [0.4, 0.6], from the normal distribution N(0.5, 0.1) or fixed at 0.5. Local ancestry for individual i at SNP s (γ i,s ) was generated by two draws from a binomial distribution with parameter θ s . The genotypes for individual i at SNP s (g i,s ) were then generated by drawing from the binomial distributions with allele frequencies specified by the local ancestry for that individual at that SNP. That is, if the individual had two copies of an ancestry segment from P 0 at SNP s, then two draws from a binomial distribution with parameter p 0,s were used. To create a phenotype, we first selected Nr causal variants where r is the proportion of causal variants. Effect sizes were drawn from the normal distribution N(0, h 2 /(Nr)), and the genetic element of the phenotype was generated by taking the inner product of the causal variants, normalized to have mean = 0 and variance = 1, and the effect sizes for the variants. Normally distributed random noise was added such that the total heritability in the population was h 2 .
Simulations with real genotypes. We split the genotypes from 5,129 distantly related CARe individuals into 2 groups. The common group contained the SNPs with MAF > 5% in both the CEU and YRI populations. The uncommon group contained all other SNPs (i.e., those with MAF < 5% in either or both the CEU and YRI populations). The genotype kinship matrix K was constructed over the common SNPs, and the local ancestry kinship matrix K γ was constructed using the local ancestry called at every fifth common SNP.
We simulated a phenotype by first selecting a proportion r of causal variants at random from the common and uncommon SNPs, leaving N c common causal SNPs and N n uncommon causal SNPs. We then selected a fraction of the phenotypic variance α explained by the uncommon SNPs. At α = 0.0, uncommon variants had no effect and the genetic basis of the phenotype was entirely determined by common variants. We then chose effect sizes for each common and uncommon SNP by drawing from the normal distributions N(0, (1 -α)h 2 /(N c )) and N(0, (α)h 2 /(N n )), respectively. The genetic element of the phenotype was generated by taking the inner product of the causal variants, normalized to have mean = 0 and variance = 1 in the admixed population, and the effect sizes for the variants. Normally distributed random noise was added such that the total heritability in the population was h 2 . F STC for the common and uncommon SNPs was 0.15 and 0.25, respectively. The study F STC used to estimate heritability was the weighted mean 0.15(1 -α) + 0.25α, as described in the derivation above. Setting individuals with the lowest P percent of phenotypes as cases and all others as controls, we generated dichotomous phenotypes with prevalence P. 
Data
